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Abstract

Frequency, as a physical quantity that describes the rate at which periodic events occur, is a crucial
perspective and component, and can help observe and recognize the world via versatile frequency
transforms. Initially, built on Fourier analysis theory, it played an important role primarily in the
field of signal processing, and has gradually become an indispensable part of deep learning to solve
complex problems. Deep learning in the frequency domain (a.k.a. Fourier domain), which we
called Frequency-principled Deep Learning (FDL), has been extensively employed in a wide range
of scenarios owing to its compelling advantages, such as global receptive field, high computational
efficiency, inherent data decomposition and explainability. Deep neural networks also exhibit certain
properties from a frequency-domain perspective, which provides valuable insights for powerful model
design and refinement. Despite growing attention to frequency-domain approaches in deep learning
and computer vision, the absence of a systematic synthesis makes it difficult to grasp the current
landscape, identify the core methodologies, perceive the challenge, and chart a course for future
research. Moreover, a comprehensive explanation for why introducing frequency-domain methods
contributes to problem-solving is still lacking. This survey aims to provide a comprehensive and
structured overview of frequency-principled vision and learning to address this gap. Unlike previous
reviews that may focus on isolated aspects, our work seeks to connect and systematize the field through
a unified taxonomy. Specifically, we conduct a systematic survey and analysis of existing literature
from multiple perspectives: frequency principle (theory), implementations (algorithms), applications,
challenges and future frontiers of FDL across various tasks.

Keywords: frequency-principled deep learning; fourier domain; frequency transforms; computer
vision; deep neural networks

1. Introduction
Deep learning has triggered a revolutionary transformation in numerous fields such as computer

vision, natural language processing, and signal processing, thanks to its powerful capability of feature
learning. From convolution neural networks (CNNs) [61] overcoming the limitations of traditional
handcrafted feature extraction in image classification tasks, to the Transformer [130] demonstrating
exceptional ability in modeling long-range dependencies in sequential data, deep learning models
have achieved remarkable success in analyzing and modeling spatiotemporal-domain data. These
achievements have propelled artificial intelligence technology from theoretical research to widespread
practical applications. However, with the continuous expansion of application scenarios and the
constant growth of data scale, traditional deep learning methods have gradually exposed a series of
oblivious issues that significantly constrain their performance improvement and efficiency optimization
in complex tasks. For instance, Transformer often exhibits substantial computational complexity when
processing large-scale data, such as high-resolution images and long-sequence signals. Convolutional
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Neural Networks would be limited in scenarios requiring global modeling due to their local receptive
field, and images generated by GANs [107] often suffer from artifacts or detail loss. To address these
challenges faced by traditional spatiotemporal-domain deep learning, researchers have begun to turn
their attention to frequency-domain analysis.

As an important dimension for data representation, the frequency analysis technique can de-
compose complex signals in the spatiotemporal domain into a superposition of components with
different frequencies. This characteristic enables a more intuitive revelation of the inherent period-
icity, global correlations, and frequency-domain feature patterns embedded in data. Against this
backdrop, Frequency-principled Deep Learning (FDL) has emerged as a pivotal driving force behind
advancements in fields such as computer vision and time series analysis. Specifically, FDL is a type of
machine learning paradigm that takes frequency analysis theories such as Fourier transform as the
core principle, and deeply integrates deep learning models with frequency-domain characteristics.
Its core idea is to break through the limitation of traditional deep learning that only relies on local
spatial/temporal features. By mapping data (e.g., images, videos, spatiotemporal sequences) or model
parameters to the frequency domain, it leverages the inherent properties of frequency-domain signals
such as global correlation and sparsity to achieve more efficient feature extraction, modeling, and
optimization. This paradigm can not only address some pain points of traditional methods, including
low efficiency [6,46,68,91,129,146], weak robustness [32,67,110,142,184,196], and difficulty in global
modeling [12,51,100], but also provide a brand-new perspective for the processing of dynamic and
noisy data [34,46,151], acting as a crucial bridge connecting classical signal processing and modern
deep learning.

Frequency-principled Deep Learning (FDL) and A Comprehensive Survey
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Ⅲ. B. Evolution

Figure 1. An overview of frequency-principled deep learning (FDL) and the architecture of this article.

The rapid development of FDL is primarily attributed to the continuous breakthroughs in theory
and techniques.

On the theoretical front, the refinement of advanced frequency-domain representation theories
and the ongoing evolution of the Frequency Principle (F-Principle) have laid a solid mathematical
foundation for the intrinsic analysis and feature extraction of signals. Traditional multi-resolution
representation methods such as Fourier analysis and wavelet transform have become increasingly
sophisticated, while emerging theories including Fourier neural operators [34,70,149] and the F-
Principle [155–158,191] have demonstrated tremendous application potential. These theoretical break-
throughs provide valuable guidance for the design of advanced deep learning algorithms and network
architectures.

On the technical front, the emergence of flexible integration frameworks has made the combina-
tion of frequency analysis and deep networks more systematic and efficient. Such frameworks have
propelled the practical implementation and performance enhancement of FDL mainly from two dimen-
sions: data-based and model-based. On the data side, frequency-domain methods are widely adopted
for data augmentation [135,151,152,164]. By perturbing or reconstructing frequency components, these
methods effectively improve the generalization capability of models. Meanwhile, frequency-principled
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representation enables efficient data dimensionality reduction and compression, which cuts down
computational and storage costs while accelerating the training and inference process [32,63,144,165].
On the model side, frequency-principled mechanisms are deeply integrated into various mainstream
network architectures. For convolutional neural networks (CNNs), techniques such as fast Fourier
convolution [12] and spectral pooling [77,110,144,165] enhance the efficiency of feature extraction and
expand the receptive field. For Transformers, frequency-domain attention mechanisms can model
long-range dependencies and reduce computational complexity [60,96,197]. In addition, generative
models leverage frequency-domain constraints to improve the quality and authenticity of generated
images [49,94,101,161]. State space models such as Mamba have begun to explore the advantages of
frequency-domain representation in temporal modeling [65,120,148,198,202], further broadening the
application boundaries of FDL.

The dual evolution of theories and technologies has greatly propelled the application of FDL across
a wide range of task scenarios, including image restoration and enhancement [16,29,53,164], object
detection [92,135,151,198], segmentation [79,80,114,164], time series analysis [145,160,169,196,197], etc.
FDL provides an innovative approach to address the core bottlenecks of traditional deep learning, and
has gradually become an important research branch in the field of deep learning. While several related
reviews [155,167] have been published to date, a comprehensive overview of Frequency-principled
Deep Learning remains still lacking.

This survey aims to systematically delineate the theoretical foundations, technical frameworks,
and application scenarios in the field of Frequency-principled Deep Learning, identify common
patterns across relevant studies, and sort out key challenges as well as future prospects for the field.
Specifically, the main contributions of this survey are summarized as follows: i) We formally define the
"Frequency-principled Deep Learning (FDL)" paradigm for the first time, and conduct a systematic
survey (covering theories, algorithm implementations, application, challenges and frontiers) which
fills the gap of lacking a comprehensive review in this field. ii) We propose a novel dual-level taxonomy
based on the stage at which frequency-based methods operate, revealing the diverse implementation
strategies of FDL from both data and model perspectives; iii) We identify the key challenges faced by
FDL and prospectively point out several promising future development directions.

The overall architecture of this article is shown in Figure 1. Section 2 mainly elaborates on
the mathematical foundations of FDL, including the mathematical principles of frequency-domain
transforms such as DFT, DCT, DWT as well as the convolution theorem. Section 3 analyzes the
importance and necessity of frequency analysis for deep learning models from a theoretical perspective,
and summarizes the development history of Frequency Principle. Section 4 provides a detailed analysis
and summary of the implementation of FDL paradigms from two aspects: data-based and model-based.
Section 5 introduces the applications of FDL in the fields such as computer vision and time series
analysis over the past decade, and compares and analyzes the experimental results for several typical
tasks. Section 6 discusses the current challenges and future frontiers of FDL. Section 7 summarizes the
entire survey.

2. Background and Preliminaries
2.1. Fundamentals of Frequency Domain Analysis

Frequency domain analysis originates from the classical signal processing, i.e., transforming
signals from intuitive spatial/temporal domains to abstract frequency domains and revealing inherent
imperceptible patterns and regularity hidden in data. This fundamental perspective stems from early
breakthroughs in mathematical analysis, such as Fourier’s pioneering work [103] on signal decom-
position, which laid the groundwork for understanding that any complex signal can be expressed
as a superposition of sinusoidal components with distinct frequencies. This insight revolutionized
signal processing by shifting the focus from "how signals change over space/time" to "what frequency
components constitute signals", formulating the core logic underlying all subsequent frequency-based
techniques.
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The unique advantages of frequency domain analysis including global receptive field, efficient
feature disentanglement, and explicit pattern recognition—are inherently derived from this core idea.
Unlike spatial/temporal representations that focus on local or sequential variations, frequency-domain
transformation decomposes signals into orthogonal frequency components, enabling direct capture of
global correlations, periodicity, and redundancy. For example, low-frequency components often encode
overall structures (e.g., image contours, time-series trends), while high-frequency components carry
details or noise. This natural separation allows for targeted processing (e.g., denoising by suppressing
high frequencies), while that is difficult to achieve in spatial/temporal domains.

To materialize this fundamental idea in practical applications, several key frequency transforms
were developed, each tailored to specific scenarios while adhering to the unified principle of frequency
decomposition:

Discrete Fourier Transform (DFT) [118]: A foundational transform for digital signal processing
and a discrete implementation of Fourier’s decomposition theory, enabling quantitative analysis of
frequency components in signals.

Fast Fourier Transform (FFT) [4]: An optimized algorithm for DFT, that drastically reduces compu-
tational complexity, making frequency-domain operations feasible for large-scale data processing.

Discrete Cosine Transform (DCT) [1]: Specialized for real-valued signals (e.g., images, audio), that
retains DFT’s frequency representation capability while remaining only real numbers, optimizing
efficiency in filters.

Discrete Wavelet Transform (DWT) [89]: Addresses the limitation of DFT/DCT in balancing time-
frequency resolution, that uses local wavelet basis functions to capture both global trends (low-
frequency) and local details (high-frequency), facilitating data compression [165] and denoising [124].

These transforms, rooted in the core idea of frequency decomposition, collectively form the
technical foundation of frequency domain analysis. Their application spans computer vision [135,150,
164], time series analysis [169,197], etc., where analyzing signal amplitude (magnitude of frequency
components) and phase (positional relationship of components) reveals critical spectral characteristics.
For instance, the Scattering Vision Transformer [97] leverages frequency separation to enhance image
detail retrieval. Additionally, Fourier analysis provides a key theoretical lens for understanding deep
neural networks: numerous spectral bias studies [108,154,156–158,191] show that gradient descent
prioritizes low-frequency components during training, highlighting the intrinsic connection between
frequency principles and deep learning.

2.2. Frequency Transform

Frequency-domain transformation serves as the foundation of frequency-principled deep learn-
ing. It functions as converting signals that are difficult to analyze directly in the spatiotemporal
domain—such as images, audio, and physiological signals—into the frequency domain. By revealing
the inherent frequency components within the signals, it provides more effective, intuitive and explicit
data representations beneficial for subsequent feature extraction and model construction. DFT [118],
DCT [1] and DWT [89] are the three most well-known and widely used transforms in FDL. Each
possesses distinct mathematical characteristics and application scenarios, collectively formulating the
core technical framework for frequency-domain data processing. In this section, we provide a brief
introduction to these three frequency-domain transforms.

2.2.1. Discrete Fourier Transform

DFT [118] is an extension of the Fourier transform for discrete signals. Its essence lies in decom-
posing a discrete spatiotemporal domain signal x[n] of length N (where n = 0, 1, ..., N − 1 ) into a linear
combination of N complex exponential signals (i.e., trigonometric function) with different frequencies,
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thereby explicitly describing the frequency components and phase information of the signal in the
frequency domain. DFT is mathematically defined as

X[k] =
N−1

∑
n=0

x[n] · e−j·2πkn/N (1)

where k = 0, 1, . . . , N − 1, X[k] represents the complex-valued frequency-domain signal, with its real
part representing the amplitude and its imaginary part representing the phase. e−j·2πkn/N denotes the
complex exponential basis function of frequency k/N and j means the imaginary unit. The inverse
transform reconstructs the spatiotemporal domain signal x[n] from the frequency-domain signal X[k],
ensuring lossless conversion between the two domains.

2.2.2. Discrete Cosine Transform

DCT [1] is a modified frequency-domain transform method for real-valued signals, building
upon the foundation of DFT. Since most signals in practical applications such as image and audio are
real-valued, the complex output of DFT contains redundancy where the conjugate symmetric portion
can be derived as real numbers. By directly employing cosine basis functions instead of complex
exponential basis functions, DCT confines the transform results to the real number domain while
retaining the global frequency representation capability of DFT. Generally, DCT can be easily deduced
by operating DFT on an even function.

DCT has multiple variant definitions (e.g., from DCT-I to DCT-VIII), among which, DCT-II is most
widely used in image processing. Mathematically, it is defined as

X[k] = α(k)
N−1

∑
n−0

x[n] · cos
(

π(2n + 1)k
2N

)
(2)

where k = 0, 1, . . . , N − 1, α(k) is a normalization coefficient that ensures the orthogonality and defined
as:

α(k) =


√

1
N if k = 0√
2
N if k ̸= 0

(3)

The cosine basis function cos
(

π(2n+1)k
2N

)
is a real-valued function, and thus X[k] is real and directly

corresponds to the amplitude of the signal at frequency k.

2.2.3. Discrete Wavelet Transform

DFT and DCT are based on global basis functions, making them difficult to balance frequency
resolution and time/spatial resolution, i.e., they cannot accurately locate where the frequency compo-
nents of a signal occur. Therefore, DWT with wavelet basis functions (i.e., local basis functions with
finite duration and rapid decay characteristics) instead of global trigonometric function is evolved [89].
DWT achieves precise analysis of local time-frequency features of signals, filling the gap of global
transforms in capturing local features. DWT employs multi-scale decomposition to decompose a signal
into low-frequency approximation components and high-frequency detail components of different
resolutions (scales). Here, the low-frequency approximation component reflects the overall trend
of the signal and is extracted using the low-frequency portion of the wavelet basis function, while
the high-frequency detail component captures localized abrupt changes (e.g., edges or noise) via the
high-frequency portion of the wavelet basis function.

Mathematically, DWT realizes multi-scale convolution of the input signal through scaling and
translation of the wavelet basis function ψj,k(t) = 2−j/2ψ

(
2−jt − k

)
. Then, DWT is defined as:

W[j, k] =
∫ +∞

−∞
x(t) · ψj,k(t)dt (4)

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 May 2026 doi:10.20944/preprints202605.0650.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.0650.v1
http://creativecommons.org/licenses/by/4.0/


6 of 32

where j is the scaling factor, k is the translation factor, and W[j, k] is the wavelet coefficient which
reflects the similarity between the signal and the wavelet basis function at scale j and position k. This
achieves adaptive analysis with high time resolution for high-frequency signals and high frequency
resolution for low-frequency signals.

2.3. Convolution Theorem

Convolution Theorem [116] states that the convolution operation in the temporal-domain is
equivalent to pointwise multiplication in the frequency domain. Given a temporal-domain input
signal x(t) and a filter h(t), the Convolution Theorem can be mathematically described as:

F (x(t) ∗ h(t)) = F (x) · F (h) (5)

where F (·) denotes the Fourier Transform, and F (x) and F (h) represent the Fourier transforms of
x(t) and h(t), respectively.

In traditional deep learning (i.e., spatial-domain), the convolution operation requires sliding
between the input feature map and the convolution kernel. As the input size and the number of convo-
lution kernels increase, the computational complexity rises exponentially, significantly constraining the
operational efficiency of the model. The Convolution Theorem enables deep learning models to convert
high-complexity spatial convolutions into low-complexity frequency domain multiplications. This
transform not only substantially reduces computational load particularly for processing large-scale
inputs or large convolution kernels, but also decreases the memory usage of the model.

Building upon this foundational advantage, the Convolution Theorem has been widely applied in
the field of deep learning. Early pioneering works, such as accelerating convolutional network training
via FFTs [91] and implementing efficient training of convolutional deep belief networks directly in the
frequency domain [6], demonstrated its potential for drastically accelerating model training speed.
This principle continues to inspire more sophisticated algorithmic designs. A prominent example is the
development of frequency-domain attention mechanisms. Representative works such as FSAS [60] and
Autoformer [146] transform Query and Key into the frequency domain via FFT, then compute their
correlation through an element-wise product operation instead of computing the matrix multiplication
in the spatial domain. This design reduces the time complexity of self-attention from O(N2) to
O(NlogN) while maintaining comparable performance.

3. Frequency-Principled Deep Learning: Perspective of Frequency Analysis Theory
3.1. Frequency Analysis and Frequency Principle

The success of deep learning in several fields such as computer vision and natural language pro-
cessing is closely associated with its complex parameter space and nonlinear characteristics. However,
these properties further lead to the “black box” of deep models, which make the training process
and generalization mechanisms difficult to interpret. Traditional theories struggle to accommodate
the over-parameterized nature of deep models [31]. Frequency analysis, by decomposing signals
into different frequency components, reveals the model’s learning preferences for features of varying
complexities. This frequency perspective not only offers an explanation for the key question: why
over-parameterized models do not overfit easily, but also provides a quantitative basis for optimizing model
robustness and architecture design. This section aims to uncover the profound connections between
frequency analysis and deep learning, systematically summarizing and analyzing the following aspects:
the discovery and validation of the Frequency Principle (F-Principle), including the frequency-based
interpretation of model generalization capability and frequency-domain analysis of robustness, and
the application of F-Principle in specific tasks.

The Frequency Principle is a key characteristic of FDL. Its core proposition states that: deep neural
networks trained with gradient descent preferentially fit the low-frequency components of the data
before progressively learning the high-frequency components. This phenomenon is not confined to
specific scenarios but is universally observed across different architectures, datasets, and training
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settings. Related studies [3,108,154–158,191] have established a foundation of the Frequency Principle
through theoretical derivation and empirical validation.

3.2. Evolution of Frequency Principle
3.2.1. Finding: Spectral Bias during DNN Training

In the field of deep learning, the traditional perspective on generalization suggests that the
generalization error can be controlled by model complexity. While more complex models can better
fit the training data, they are also more prone to overfitting, leading to a decline in generalization
performance. However, in practice, deep neural networks, despite their complex structures and
numerous parameters, often exhibit excellent generalization capabilities.

To address this paradox, some studies have attempted to understand the generalization ability of
DNNs from the perspective of the training process. Arpit et al. [3] pointed out that during gradient
optimization, DNNs prioritize learning the simple patterns of the true data. Based on Fourier analysis
theory, Xu et al. [154,158,191] proposed the Frequency Principle, demonstrating that during training,
DNNs first rapidly capture the dominant low-frequency components of the data while keeping
their own high-frequency components small, and then progressively capture the high-frequency
components. This is coined as spectral bias. Rahaman et al. [108] further validated the existence of
spectral bias in neural networks during gradient descent training, where low-frequency components
are learned more quickly and are more robust to parameter perturbations, and highlighted Fourier
analysis as an effective tool for understanding the inherent properties of neural networks.

3.2.2. Verifying: Universality of F-Principle

Xu et al. [156,157] theoretically analyzed the DNN training process based on gradient methods
through Fourier analysis, explaining why DNNs with small initializations can achieve good gener-
alization ability, thereby further refining the F-Principle from a theoretical perspective. Then they
demonstrated that the Frequency Principle holds for general loss functions, not limited to Mean
Squared Error loss [154]. Xu et al. [191] further validated the universality of the Frequency Principle
across various scenarios, including MNIST/CIFAR10 datasets and VGG16 network, by designing
projection methods and filtering methods. In other words, the F-Principle holds across different DNN
architectures (e.g., fully-connected networks and convolutional neural networks), different activation
functions (e.g., tanh and ReLU), and different loss functions (e.g., MSE, cross-entropy and variational
loss).

3.2.3. Expanding: Deep F-Principle for Faster Training

Built upon the F-Principle, Xu et al. [158] further proposed the Deep Frequency Principle, which
pursues an effective target function for a deeper hidden layer bias towards lower frequency during
training. Since it has been verified that “DNNs tends to learn low-frequency functions faster”, if the learning
components in deeper networks have an effective target function biased towards lower frequencies,
deeper networks are hopeful to finish training in fewer epochs, i.e., faster training can be achieved. An
overview of the F-Principle can be referred to as [155].

4. Algorithms and Implementations
4.1. Data-Based
4.1.1. Data Augmentation

With the rapid development of deep learning in the field of computer vision, data augmentation
has become a key technique for alleviating data scarcity and enhancing the generalization ability of
deep models. Traditional spatial-domain data augmentation methods (such as flipping, cropping, and
MixUp) achieve augmentation by applying geometric or pixel-level perturbations to pixel-wise data
(e.g., image). However, these methods often suffer from issues such as coarse operation granularity,
weak adversarial robustness, semantic distortion, low diversity, etc. By performing selective operations
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on different frequency components, frequency-domain data augmentation introduces reasonable
perturbations while preserving core semantics of data, thereby overcoming the limitations of spatial-
domain augmentation. In recent years, frequency-domain data augmentation has demonstrated
broad application prospects in various fields, such as transfer learning, few-shot learning, adversarial
example generation, etc. The basic paradigm of frequency-domain data augmentation is depicted in
Figure 2.
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Fig 1. Data augmentation in the frequency domain, where Exchange means 
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Figure 2. Data augmentation in the frequency domain, where Exchange means that swapping the amplitude or
phase in frequency-domain of input, Add Noise means that adding perturbations to the input amplitude or phase,
and Learnable Filter means that performing adaptive filtering on the input amplitude and phase to adapt specific
scenarios.

Data augmentation is a core technique for enhancing the generalization ability of deep learning
models. Training deep learning models typically requires massive amounts of data. However, collect-
ing new data spends a great deal of time and effort, while it is more efficient if one can augment more
data from existing data in many scenarios. The unique decoupling capability and global representation
of frequency-domain transform hold a great potential in the field of data augmentation. Yang et
al. [164] pioneered a simple unsupervised domain adaptation method. They observed that significant
changes in low-level spectral components (e.g., amplitude) do not affect the perception of high-level se-
mantic information, and thus proposed to achieve data augmentation by swapping the low-frequency
amplitude spectra between source and target domain images. Inspired by Yang et al.’s work, Xu et
al. [152] extended this Fourier-based data augmentation method to the domain generalization scenario
where no target domain data is available. FACT [152] performs linear interpolation on the amplitude
spectrum of source domain images to generate augmented images. By perturbing the amplitude
information while preserving the phase information, it forces the model to learn high-level semantics
from the phase spectrum. FDAG proposed by Wang et al. [133] introduces noise in both amplitude
and phase to achieve more comprehensive perturbations in the frequency domain.

Similar to the aforementioned works, by decomposing images into multiple frequency compo-
nents and only perturbing those components with low semantic information, FAA [43] can gener-
ate adversarial examples with large perturbation magnitudes yet minimal semantic modifications.
FSDR [42] leverages DCT to decompose images into domain-invariant frequency components (DIFs)
and domain-variant frequency components (DVFs). It only randomizes DVFs while keeping DIFs
unchanged, thereby minimizing the impact on the semantic structure (content) distortion of images.
Wang et al. [135] suggested separating domain-invariant and domain-specific spectral components
from the amplitude spectrum while preserving the phase spectrum to ensure the integrity of the image
structure. Xu et al. [151] argued that extremely high and low frequency components contain more non-
causal factors and proposed a non-causal image augmentation method that preserves causal features
unchanged and randomizes non-causal frequency components following a Gaussian distribution.

4.1.2. Feature Dimensionality Reduction

In the field of deep learning, practical tasks often face the curse of dimensionality, which means
that excessively high feature dimensionality may lead to a surge in computational complexity and
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an increased risk of model overfitting. Feature reduction refers to reducing the dimensionality of
the feature space while preserving key information, and it serves as a critical technique for model
optimization. In natural images, most of the critical structural information (e.g., contours, shapes and
backgrounds) is concentrated in low-frequency components, while high-frequency components usually
contain noise and fine-grained texture details. Based on this observation, frequency-domain down-
sampling has emerged and gradually matured. Thanks to this unique energy compaction property,
frequency-domain deep learning naturally exhibits significant advantages in feature dimensionality
reduction.

Levinskis et al. [63] were the first to integrate DWT into CNNs, using only approximation
coefficients to substantially reduce dimensionality without losing essential features. Williams et
al. [144] proposed wavelet pooling to replace the traditional downsampling operation. Li et al. [67]
improved the model’s noise robustness through similar operations. Yao et al. [165] employed DWT to
perform lossless downsampling on the keys and values of self-attention networks, which alleviates
the high complexity of Transformers and reduces the information loss in traditional downsampling.
In addition, converting feature maps to frequency domain via DFT and retaining low-frequency
components can also achieve valid feature dimensionality reduction [21,32,110]. In a word, frequency-
based deep learning aggregates information scattered in the spatial domain, thereby making it possible
to retain only key frequency components. This holds extremely broad application prospects in handling
tasks with complex inputs such as ultra-high-resolution images and real-time video streams.
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Figure 3. Versatile strategies for exploring frequency transform in convolutional neural networks. The first 4 items
denote different architecture for FDL upon CNN, while the final one denotes the frequency based regularization
loss.

4.2. Model-Based

This section systematically outlines the research roadmap and context of model-based methods
under frequency principle with four mainstream network architectures, such as CNNs, Transformers,
Mamba and Generative models.

4.2.1. CNN-Based

Integrating frequency transforms into CNNs offers several benefits: enhanced feature extraction
through multi-resolution analysis, improved computational efficiency through optimized frequency
domain operations, and robust performance with frequency regularization. These advancements
facilitate the development of FDL techniques. Based on differences in integration locations and target
components, we categorize the frequency-domain enhancement strategies commonly used in CNNs
into five paradigms, including forward transform on raw images, layer-wise transform, spatial-spectral
parallel enhancement, frequency pooling and regularization, as summarized in Figure 3.

Forward transform. The most straightforward way to integrate frequency-based module into CNNs
is to place the frequency transform at the network’s input layer as a data preprocessing step. As shown
in Figure 3a, the raw image is first converted into a spectrogram via FFT or DCT, and then the spectrum
is then fed into the subsequent convolutional layers for processing. Compared with traditional spatial-
domain deep learning, this paradigm offers two primary advantages: low computational complexity
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and the decoupling property of frequency-domain features. The Convolution Theorem states that
complex spatial convolution operations can be simplified to element-wise multiplication of frequency-
domain coefficients. Early works [6,91] have fully verified its enormous potential in reducing training
and inference time costs, with specific details elaborated in Section 2.3. In addition, the raw images
to be processed can be fed into CNNs in the form of frequency-domain coefficients. For instance,
Gueguen et al. [33] proposed a ResNet architecture that operates directly on DCT coefficients instead
of pixels. This method can bypass redundant JPEG decoding and RGB conversion process, enabling
more efficient training and inference. The inherent decoupling property of frequency-domain features
enables CNNs to filter out noise and redundant information in the preprocessing stage, thereby
directly focusing on the task-relevant frequency-domain components. And this also means that FDL
can achieve more diverse and effective data augmentation, with details provided in Section 4.1.

Layer-wise transform. In CNNs, the frequency transform is applicable not only to input data but
also to the model parameters. This paradigm applies frequency transform to the internal components
of the model (e.g., convolutional kernel weights), aiming to reduce frequency-domain redundancy
inherent in parameters. Convolutional kernels are generally smooth and exhibit spatial-domain
redundancy, which is typically manifested as high energy concentration in the DCT domain. Inspired
by this observation, researchers have achieved efficient model compression by transforming filter
weights into the DCT domain and discarding low-energy coefficients [138], or performing dynamic
pruning on frequency-domain parameters [84]. Furthermore, FreshNets [10] leverages hash functions
to group frequency-domain model parameters into hash buckets, thereby achieving parameter sharing.
Such methods demonstrate distinct advantages in scenarios that pursue extreme model compactness,
yet they require careful design of compression thresholds to prevent drastic performance degradation
caused by the loss of critical high-frequency parameters. Another category of works directly define
and optimize filters in the frequency domain [7], or replace entire convolutional layers with DCT-based
"harmonic blocks" [128]. This is equivalent to imposing an implicit spectral smoothing constraint on
model learning, making the model easily converge to structured solutions.

Spatial-Spectral enhancement. Convolutional neural networks naturally excel at capturing local
spatial features due to their local receptive field property, yet this also introduces the limitation of
insufficient modeling of long-range dependencies. This contradiction has motivated researchers [45,
132,166,172] to incorporate spectral branch into CNNs, leveraging the inherent ability of the frequency
domain to represent global information. By integrating the local detail information from the spatial
branch and the global structural information from the spectral branch, frequency-based CNNs can
obtain higher-quality feature representation.

Frequency Pooling. The downsampling operation of the pooling layer can also be redesigned via
frequency transformation to achieve downsampling with more sufficient information retention, as
shown in Figure 3d. Fujieda et al. [24,25] claimed that traditional CNNs represent a limited form of
multi-resolution analysis. By repeatedly performing convolution and pooling operations on input data,
they are essentially equivalent to utilizing only the low-frequency components of multi-resolution
analysis. The wavelet transform can decompose an image into low-frequency coefficients and high-
frequency coefficients at different levels, thereby capturing global structural information and local
textural details. After selecting and reallocating these frequency coefficients, frequency pooling can
enable more rational downsampling. For instance, Williams et al. [144] first proposed the concept of
wavelet pooling, where they suggested using wavelet transform to perform two-level decomposition
on feature maps, discarding the high-frequency features of the first-level subbands while retaining
those of the second-level subbands, thereby achieving feature dimensionality reduction. MWCNN [78]
replaces the pooling operations of traditional U-Net with the DWT to obtain a larger receptive field.
However, Finder et al. [22] argued that these methods [2,25,78] are highly customized architectures
and cannot be adopted in other CNN frameworks. They further proposed a new layer named WTConv
that can effectively expand the receptive field of CNNs, serving as a plugged-played replacement
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component for deep convolutional layers. In addition, Grabinski et al. [32] achieved aliasing-free
downsampling by cropping components above the Nyquist frequency in the Fourier frequency domain.

Frequency regularization. Integrating spectral constraints as optimization objectives into the deep
models has been widely applied in various FDL models [13,29,145,183]. Unlike traditional methods
that use the frequency domain as a feature extraction space, this paradigm regards the frequency
domain as a diagnostic and constraint space for model behavior. By introducing penalty terms based
on spectral characteristics into the loss function, it explicitly guides the model to learn the desired
frequency response patterns. For instance, Gao et al. [29] proposed a frequency-domain contrastive
regularization term, which forces the model to reduce the distance between de-rained images and
clear images (positive samples) in frequency domain, while increasing the distance between de-rained
images and various rain-streaked images (negative samples).

4.2.2. Transformer-Based

The self-attention mechanism of Transformers [130] achieves global information fusion by calcu-
lating the correlations between all token pairs. However, its computational complexity of O(N2) and
memory consumption grow quadratically with the sequence length N, making it difficult to apply for
high-resolution image and video processing.

One approach to this problem is to replace the self-attention layer with an MLP-based mixer
layer [75,126,127]. Inspired by this, several works [34,46,62,109,123,178] attempted to improve the
self-attention mechanism using spectral mixing techniques. FNet [62] first replaces self-attention
sub-layers in Transformer encoders with standard and parameter-free Fourier Transform, significantly
reducing the computational load while maintaining performance. Inspired by the convolution theorem,
GFNet [109] proposes a global filter to replace the self-attention sub-layer. By performing element-
wise multiplication between frequency-domain features and a learnable global filter, GFNet achieves
efficient token mixing. Following this work, Huang et al. [46] also claimed that adaptive frequency
filters can serve as effective global token mixers. Based on the MetaFormer architecture [173], Tatsunami
et al. [123] designed a novel token mixer called Dynamic Filter. Guibas et al. [34] framed token mixing
as an operator-learning task that maps continuous functions into an infinite-dimensional space, and
designed the Adaptive Fourier Neural Operator to serve as a token mixer. SPANet [178] achieves the
balance between high- and low-frequency components through frequency-domain mask filtering, and
verified the hypothesis that balancing high-frequency and low-frequency representations can improve
model performance. The basic paradigm of frequency-based transformer is depicted in Figure 4.
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Fig 2. The architecture of frequency-based Transformer, where N denotes the number of Transformer encoder 
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Figure 4. The architecture of frequency-based Transformer, where N denotes the number of Transformer encoder
blocks, A denotes the number of attention layers, and N − A means the number of frequency layers referring to
blocks that adopt frequency-based spectral mixing strategies.

Another way is to improve the attention mechanism from the perspective of frequency analysis.
Based on the convolution theorem, Kong et al. [60] converted the matrix multiplication of queries and
keys in the spatial domain to element-wise product in the frequency domain, reducing the spatial
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and temporal complexities to O(N) and O(NlogN), respectively. The high-frequency components of
an image are rich in local details, while the low-frequency components focus on the global structure.
However, the multi-head self-attention layer neglects the characteristics of different frequency com-
ponents. From this perspective, Pan et al. [96] proposed the HiLo attention mechanism, which splits
the attention heads into two groups to separately interpret the high/low-frequency patterns in the
attention layer. To address the low-rank issue of the attention matrix caused by frequency-domain
sparsity, Yue et al. [177] introduced an additional learnable matrix into the original attention matrix,
followed by the row-wise l1 normalization. SpectFormer [98] achieves outstanding performance by
fusing FFT-based spectral layers and multi-head attention layers, and pointed out that both spectral
layers and attention layers are essential for transformer.

4.2.3. Mamba-Based

Frequency-domain Mamba is a novel deep learning paradigm that integrates the efficient long-
sequence modeling capability of state space models (SSM) with frequency-domain analysis techniques.
Mamba achieves long-sequence modeling with linear complexity through a selective scan mechanism,
breaking through the quadratic complexity limitation of Transformer-like models [82]. Frequency-
domain transforms decompose images into complementary frequency components, providing intuitive
feature representations, therefore their combination is beneficial to performance and computational
efficiency in complex visual tasks.

The DWT possesses excellent multi-resolution decomposition capability, enabling it to split an
image into low-frequency and high-frequency sub-bands. This facilitates Frequency-domain Mamba
in designing differentiated modules for extracting global structural information of low-frequency
components and detailed information of high-frequency components. Wave-Mamba [200] focuses on
the restoration of low-frequency global information in the Low-Frequency State Space Block, and then
corrects high-frequency details using the enhanced low-frequency information in the High-Frequency
Enhancement Block. WaveMamba [198] first performs low-frequency feature fusion on RGB images
and infrared images through channel swapping and gated attention. Meanwhile, it adopts an "absolute
maximum" strategy to enhance high-frequency components, and finally reconstructs features via the
inverse DWT to reduce information loss. Tan et al. [120] found that swapping wavelet low-frequency
components can improve brightness more effectively than swapping Fourier amplitude components,
and swapping Fourier phase components can make up for the deficiency of wavelet high-frequency
components in detail restoration. Based on this frequency prior, they proposed an Encoder-Latent-
Decoder structure: the Wavelet-based Mamba Block is adopted in the Encoder and Decoder for global
brightness adjustment, while FFT is adopted in the Latent layer for local detail enhancement.

The global modeling capability of Fourier transform has demonstrated unique advantages in
various tasks, and how to use Mamba in the Fourier domain is becoming a hot topic. Li et al. [65] pro-
posed a novel FourierMamba. By applying different Fourier scanning strategies in both the spatial and
channel dimensions, FourierMamba successfully models the ordered dependencies between different
frequencies in the frequency domain. Xiao et al. [148] designed a frequency selection module based on
FFT to identify and select the most informative frequency components as additional cues for Mamba.
Zou et al. [202] proposed a three-branch architecture named FreqMamba, which performs 2D Mamba
scanning in the original spatial dimension to capture local details and spatial correlations, conducts
scanning from low to high frequencies in the frequency band dimension to capture dependencies
between different frequencies, and applies convolution in the Fourier domain to model the global
degradation patterns of images, thereby realizing collaborative modeling across the spatial, frequency
band, and Fourier domains. Mamba’s superior performance in modeling complex relationships makes
it a compelling choice to synergize frequency domain techniques.

4.2.4. Generative Model-Based

Generative models have achieved remarkable progress in computer vision tasks such as image
synthesis and style transfer. However, traditional spatial-domain generative models generally suffer

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 11 May 2026 doi:10.20944/preprints202605.0650.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.0650.v1
http://creativecommons.org/licenses/by/4.0/


13 of 32

from the problem of spectral bias [49,56,112,121], leading to problems like poor quality in high-
frequency detail generation and frequent occurrence of grid artifacts. By migrating the generation and
discrimination processes to the frequency domain, frequency-domain generative models effectively
address issues such as high-frequency detail loss and grid artifacts, while achieving breakthroughs in
both generation efficiency and quality. This section mainly focuses on innovative works of GANs and
diffusion models in frequency domain.

Recent works on frequency-domain GANs mainly focus on generators and discriminators, and the
basic structure is shown in Figure 5. Liu et al. [83] designed a wavelet-based discriminator that employs
wavelet packet transform (WPT) to extract multi-scale texture features. Compared with convolutional
layers for extracting multi-scale features, WPT can significantly reduce computational costs. In addition
to the traditional spatial discriminator, Jung et al. [54] also introduced the second discriminator in
the frequency domain, which acts directly on the power spectrum of real and generated images,
enabling the generator to learn real distributions of the spatial and frequency domains simultaneously.
Chen et al. [11] embedded a frequency-aware classifier into the original discriminator, enabling
the single discriminator to assess the authenticity of inputs in the spatial and frequency domains
simultaneously. Building on the StyleGAN2 [55], SWAGAN [26] integrates wavelet transform into
the generator and discriminator: the generator directly predicts coefficients in the wavelet domain,
while the discriminator analyzes both the RGB space of images and their entire wavelet decomposition
simultaneously. By introducing the wavelet discriminator from SWAGAN, StyleSwin [179] effectively
suppresses the block artifacts in high-resolution image generation.
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Figure 5. The architecture of frequency-based GANs. The main difference between frequency-based GANs and
traditional GANs lies in the generator and discriminator. The Spectral Generator usually introduces additional
frequency-domain information. The Spectral Discriminator not only distinguishes real and fake samples in the
spatial domain, but also requires the generated images to be consistent with real images in terms of frequency-
domain distribution.

It has been confirmed that convolutional GANs inherently suffer from spectral bias, with high-
frequency information being more prone to lose. Khayatkhoei et al. [56] argued that this low-frequency
preference is controllable and proposed the Frequency Shifted Generator, which transfers the model’s
low-frequency generation capability to the high-frequency via a frequency shift operator. Jiang et
al. [49] proposed an innovative focal frequency loss, enabling the model to pay more attention to
the frequencies difficult to synthesize. To address the overfitting problem of discriminator under
limited data, Yang et al. [141,161] used DWT to decompose the intermediate features into different fre-
quency components, thereby fully leveraging the frequency information, especially the high-frequency
information.

Diffusion models generate high-quality images through progressive denoising and demonstrate
superior performance compared to GANs in various cases. However, their training and inference
speeds are extremely slow, which greatly limits their applications in practical scenarios. Phung et
al. [101] proposed a DWT-based diffusion model called WaveDiff, which performs denoising and
sampling in the wavelet domain. By means of wavelet decomposition, WaveDiff extracts low-frequency
and high-frequency components from both the image and feature levels. As the spatial dimension is
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reduced to 1/4, the computational complexity is significantly decreased. Yang et al. [163] specifically
designed a Spectral Diffusion framework for lightweight diffusion probabilistic models, aiming to
enhance the capability of lightweight models in generating high-frequency details. DCTDiff [94] trains
the diffusion model directly on DCT coefficients, avoiding the high-dimensional redundancy in the
pixel space as well as the complexity and training costs of latent diffusion models. Qian et al. [104]
proposed a sampling enhancement method for diffusion models. By introducing moving average
sampling in the frequency domain, the stability of denoising process and the quality of generated
images are promoted.

Table 1. Related works and key contributions on low-level vision with FDL paradigms.

Category Method Key Points

Image Restoration

SPHformer [52],
WF-Diff [185], SFNet [16],

LaMa [119],
LaMa-UFFC [14],

MWCNN [77], PW-FNet [51],
Fourmer [195], D3 [140],

Wave-fill [174]

FFT Loss [52] Frequency Prior [52,185,195], Attention
Mechanism [185], Spatial-Frequency Fusion [185],

Band-specific Restoration [174], Frequency Dynamic
Selection [16], FFC [119], UFFC [14], Wavelet

Pooling [77], WT-FFT [51], Frequency Transformer [51]

Image Deblurring

SDWNet [201],
MIMO-UNet [13],
FourierDiff [86],
MLWNet [30],

FFTformer [60],
DeepRFT [90]

Frequency Loss [13,90], Fourier Prior [86], Learnable
DWT [30], Frequency Transformer [60], Attention

Mechanism [60], FFT-Conv [90]

Image Dehazing FrDiff [74], FSDGN [172],
DW-GAN [23]

Frequency Priors [74,172], Attention Mechanism [74],
Frequency Loss [172], Spatial-frequency

Interaction [172]

Image Denoising
FDK [57], SFANet [36],

MWDCNN [124],
FGDNet [115], EFF-Net [47]

Spectral Discriminator [57], Frequency Loss [57,115],
Attention Mechanism [36,47], Frequency

Decomposition [47,115]

Image Demoireing WDNet [76],
MBCNN [187,189]

Wavelet Loss [76], Wavelet-Based Dual-Branch
Network [76], Frequency Domain Priors [187,189],

Learnable bandpass filter [187,189]

Image Deraining
FreqMamba [202],

FourierMamba [65],
FPNet [38], FADformer [29]

Frequency Mamba [65,202], Frequency Loss [38,65,202],
Dual-dimensional Fourier scanning [65], Fourier

Prior [38], Frequency-aware Transformer [29],
Contrastive Regularization [29]

5. Application and Practices
5.1. Low-Level Vision
5.1.1. Image Restoration and Denoising

Image restoration aims to recover high-quality visual content from degraded images caused by
factors such as noise, blur and adverse weather, etc. However, traditional spatial-domain methods such
as CNN-based and Transformer-based face inherent limitations. The former struggle to capture long-
range dependencies due to limited receptive fields, while the latter suffer from quadratic complexity.
These approaches can not fully leverage the frequency domain differences between clean and degraded
images.

Some researchers [51,52,60] would like to accomplish image restoration tasks in the frequency do-
main to reduce computational complexity. [60] develops an efficient Frequency-domain Self-Attention
Solver based on the convolution theorem, which replaces spatial matrix multiplication with element-
wise products in the frequency domain. [52] integrates FFT mechanism into the Transformer ar-
chitecture to address the high computational complexity of self-attention. [51] effectively reduces
computational complexity while maintaining global restoration capabilities by integrating wavelet
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decomposition with FFT. The frequency domain inherently possesses a global perspective, where
each frequency component correlates with all spatial pixels. [14,119] introduces Fast Fourier Convo-
lution (FFC) [12] into image restoration, which transforms features into the frequency domain and
performs Channel-wise Fully Connected operations, thereby achieving global receptive fields at a
lower computational cost.

Numerous works [38,44,52,86,171,185,188,195] leverage frequency domain priors for image
restoration. Frequency transform can separate degradation factors from content components. Through
Fourier analysis, [185,195] indicate that the amplitude spectrum primarily contains degradation in-
formation, while the phase spectrum preserves structural information. Furthermore, [52] found that
different types of degradation manifest distinctly across frequency bands. By strategically swap-
ping frequency components, it becomes possible to achieve "degrading clean images" and "restoring
degraded images". FPNet [38] and FECNet [44] employ a two-stage network to process amplitude
and phase spectrum respectively, achieving simultaneous image restoration and structural refine-
ment. FourierDiff [86] embeds Fourier priors into a pre-trained diffusion model, guiding the reverse
diffusion sampling process through amplitude-phase decomposition to facilitate image deblurring.
MBCNN [188] learns frequency domain priors of moiré patterns through multi-block learnable band-
pass filters for moiré pattern removal. [171] proposes a dual-branch network FSDGN that processes
frequency-domain and spatial-domain information in two respective branches, utilizing the residual
of amplitude spectrum to guide the restoration of phase spectrum. An overview of image restoration
methods under the FDL paradigm is presented in Table 1.

5.1.2. Image Compression and Image Super-Resolution

Image Compression. In the field of image compression, since the energy of an image is concentrated
in the low-frequency components, the classic JPEG [131] algorithm achieves lossy compression by
employing a quantization matrix in the DCT domain to reduce the precision of high-frequency
components. In deep learning-based compression, the application of frequency analysis theory goes
beyond explicit DCT, becoming more flexibly and deeply embedded within the network architecture.
Guo et al.’s DDCN [35] constructs a parallel architecture operating in both the DCT domain and the
pixel domain. The DCT domain branch exploits redundancy by analyzing the distribution of frequency
domain coefficients, while the pixel domain branch incorporates frequency domain priors to help detail
recovery, achieving optimized compression through dual-domain synergy. Gao et al. [27] employed a
spectral decomposition module to separate frequency components, and then utilized a dual-attention
mechanism to adaptively fuse the latent features from both domains, achieving improved compression
quality. Ma et al.’s iWave++ [88] focuses on a trainable wavelet-like transform, utilizing the multi-scale
decomposition capability of wavelet domain to enable lossless conversion.

Image Super-resolution. Image super-resolution is a classic computer vision task dedicated to recov-
ering high-resolution images from low-resolution ones. Despite remarkable progress, conventional
spatial-domain deep learning approaches are restricted by lower computational efficiency, inadequate
recovery of high-frequency details and poor adaptation to complex real-world scenes. With inherent
advantages of frequency analysis including the global perspective, computational efficiency and image
disentanglement, FDL offers a promising alternative for tackling complex real-world super-resolution
tasks.

In order to capture global topology and local texture details, earlier works [17,37,41,193] leveraged
the multiscale decomposition of DWT to isolate low and high frequency components. Wavelet-
SRNet [41] and DWSR [37] frame the image super-resolution problem as wavelet coefficient prediction
task. The high-resolution image is then reconstructed from these predicted coefficients via an inverse
transform. The reconstruction quality is then enhanced by leveraging complementary information
among subbands. Benefit from the multi-resolution property of DWT, SRCliqueNet [193] improves
high-frequency detail reconstruction through a network jointly learning four subbands.
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5.2. High-Level Vision
5.2.1. Image Classification

In image classification tasks, images are transformed from the spatial domain to the frequency
domain in frequency-based deep learning, where frequency characteristics are utilized for feature
extraction or computational acceleration. Although CNN-based methods have attained remarkable
success in tackling image classification tasks, lots of issues still remain to be addressed. Traditional
CNN-based methods process images directly on raw pixels, yet the size and complexity of images in
the spatial domain may lead to efficiency degradation. Williams et al. [143] transformed this process
into the wavelet domain and processed the wavelet decomposed subband features using CNNs. This
approach not only reduces the processing dimensionality, but also improves the classification accuracy
by leveraging the frequency decoupling property. To address the problems that CNNs are susceptible
to noise interference and suffer from weak robustness, Li et al. [67] replaced the commonly used
downsampling operations in CNNs (e.g., max pooling, average pooling and strided convolution)
with discrete wavelet transform. Since most noise in an image resides in high-frequency components,
they chose to discard the high-frequency components during inference and only extract high-level
features from the low-frequency components. Inspired by Li et al.’s work, Zhao et al. [186] designed a
wavelet attention mechanism dedicated to the high-frequency components of images, which is used to
capture detailed high-frequency information. Qin et al. [105] mathematically proved that traditional
global average pooling (GAP) is a special case of frequency-domain feature decomposition, which is
equivalent to retaining only the information of the lowest frequency component (i.e., zero frequency
or DC component). They further extended the channel attention mechanism via DCT and achieved
excellent classification performance on ImageNets.

In addition, a number of frequency-based Transformers [96–98,109,123,165,178] have exhibited
promising performance for image classification tasks as well. Table 2 compares the experimental
results of various frequency-domain methods on image classification tasks.

Table 2. Comparisons among different FDL paradigms for image classification on ImageNet-1K.

Method Publication Resolution Params (M) FLOPs (G) Top-1 (%) Top-5 (%)

Transformer-based

GFNet-Ti [109]

Neurips2021

224×224 7 1.3 74.6 92.2
GFNet-XS [109] 224×224 16 2.9 78.6 94.2
GFNet-S [109] 224×224 25 4.5 80.0 94.9
GFNet-B [109] 224×224 43 7.9 80.7 95.1

GFNet-XS [109] 384×384 18 8.4 80.6 95.4
GFNet-S [109] 384×384 28 13.2 81.7 95.8
GFNet-B [109] 384×384 47 23.3 82.1 95.8

SpectFormer-T [98]

WACV2025

224×224 9 1.8 76.8 93.3
SpectFormer-XS [98] 224×224 20 4.0 80.2 94.7
SpectFormer-S [98] 224×224 32 6.6 81.7 95.6
SpectFormer-B [98] 224×224 57 11.5 82.1 95.7

SpectFormer-XS [98] 384×384 21 13.1 82.1 95.7
SpectFormer-S [98] 384×384 33 22.0 83.0 96.3
SpectFormer-B [98] 384×384 57 37.3 82.9 96.1

Wave-ViT-S* [165]

ECCV2022

224×224 22.7 4.7 83.9 96.6
Wave-ViT-S [165] 224×224 19.8 4.3 82.7 96.2
Wave-ViT-B* [165] 224×224 33.5 7.2 84.8 97.1
Wave-ViT-L* [165] 224×224 57.5 14.8 85.5 97.3

SPANet-S [178]
ICCV2023

224×224 29 4.6 83.1 -
SPANet-M [178] 224×224 42 6.8 83.5 -
SPANet-B [178] 224×224 76 12.0 84.0 -

SVT-H-S [97]

NeurIPS2023

224×224 21.7 3.9 83.1 96.3
SVT-H-S* [97] 224×224 22.0 3.9 84.2 96.9
SVT-H-B* [97] 224×224 32.8 6.3 85.2 97.3
SVT-H-L* [97] 224×224 54.0 12.7 85.7 97.5
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Table 2. Cont.

Method Publication Resolution Params (M) FLOPs (G) Top-1 (%) Top-5 (%)

LITv2-S [96]

NeurIPS2022

224×224 28 3.7 82.0 -
LITv2-M [96] 224×224 49 7.5 83.3 -
LITv2-B [96] 224×224 87 13.2 83.6 -
LITv2-B [96] 384×384 87 39.7 84.7 -

DFFormer-S18 [123]

AAAI2024

224×224 30 3.8 83.2 -
DFFormer-S36 [123] 224×224 46 7.4 84.3 -
DFFormer-M36 [123] 224×224 64 12.7 84.8 -
DFFormer-B36 [123] 224×224 115 22.1 84.8 -

CDFFormer-S18 [123] 224×224 30 3.9 83.1 -
CDFFormer-S36 [123] 224×224 45 7.5 84.2 -
CDFFormer-M36 [123] 224×224 64 12.7 84.8 -
CDFFormer-B36 [123] 224×224 113 22.5 85.0 -

AFNO [34] ICLR2022 224×224 16 15.3 80.89 95.39

CNN-based

FcaNet-LF(ResNet-34) [105]

ICCV2021

224×224 21.95 3.68 74.95 92.16
FcaNet-LF(ResNet-50) [105] 224×224 28.07 4.13 78.43 94.15
FcaNet-LF(ResNet-101) [105] 224×224 49.29 7.86 79.46 94.60
FcaNet-LF(ResNet-152) [105] 224×224 66.77 11.60 79.96 94.94

Else

AFFNet-ET [46]
ICCV2023

256×256 1.4 0.4 73.0 -
AFFNet-ET [46] 256×256 1.6 0.8 77.0 -

AFFNet [46] 256×256 5.5 1.5 79.8 -

5.2.2. Semantic Segmentation

Traditional spatial domain-based segmentation methods face challenges such as high compu-
tational complexity and limited generalization capability when dealing with global dependencies,
high-resolution images, and out-of-distribution images. Image segmentation leveraging FDL paradigm
addresses these issues by converting images into the Fourier domain, and demonstrates unique advan-
tages.

Lo et al. [85] first explored the possibility of performing semantic segmentation in the DCT
domain, dropping the traditional step of decompressing images into the RGB format. Zhang et al. [181]
proposed performing self-attention only on low-frequency components. Similarly, Shen et al. [114] used
the DCT to compress high-resolution binary masks into compact low-dimensional vectors, preserving
low-frequency components and discarding high-frequency components with negligible impact, thereby
achieving high-quality and low-complexity mask representations.

Yang et al. [164] achieved style transfer between source and target domains by swapping their low-
frequency amplitude components, thereby reducing the impact of domain discrepancy on segmentation
performance. Chen et al. [9] studied the problem of difficult segmentation for certain pixels from
the perspective of spectral aliasing, and proposed DAF and FreqMix to suppress aliasing. Due to
the sensitivity of existing semantic segmentation models to frequency information, AFFormer [18]
introduces an adaptive frequency filter to capture frequency components that are beneficial for semantic
segmentation. Experimental comparisons of different FDL methods for semantic segmentation on
ADE20K dataset [194] are presented in Table 3.
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Table 3. Comparisons under different FDL paradigms for semantic segmentation on ADE20K.

Method Publication mIoU Params (M) FLOPS Resolution FLOPs (G)

Transformer-based

Wave-ViT-S [165] ECCV2022 49.6 - - -
Wave-ViT-B [165] 51.5 - - -

SPANet-S [178] ICCV2023 45.4 32 512×512 46
SPANet-M [178] 46.2 45 512×512 57

AFFormer-tiny [18]
AAAI2023

38.7 1.6 512×512 2.8
AFFormer-small [18] 40.2 2.3 512×512 3.6
AFFormer-base [18] 41.8 3.0 512×512 4.6

DFFormer-S18 [123]

AAAI2024

45.1 31.7 - -
CDFFormer-S18 [123] 44.9 31.4 - -
DFFormer-S36 [123] 47.5 47.2 - -

CDFFormer-S36 [123] 46.7 46.5 - -
DFFormer-M36 [123] 47.6 66.4 - -

CDFFormer-M36 [123] 48.6 65.2 - -

CNN-based

FsaNet-LearnPG

ICCV2021

42.24 - - -
FsaNet-Dot-R1 [181] 43.04 - - -
FsaNet-Lin-R1 [181] 43.05 - - -
FsaNet-Dot-R2 [181] 43.53 - - -
FsaNet-Lin-R2 [181] 44.10 - - -

MLP-based

Wave-MLP-T [122] CVPR2022 41.2 19.3 2048×512 131
Wave-MLP-S [122] 44.4 31.2 2048×512 168
Wave-MLP-M [122] 46.8 43.3 2048×512 231

ELSE

AFFNet-ET [46]
ICCV2023

33.0 2.2 - -
AFFNet-T [46] 36.9 3.5 - -
AFFNet [46] 38.4 6.9 - -

5.2.3. Object Detection

Deep learning in frequency domain has emerged as a crucial technical paradigm to address
complex object detection tasks. By transforming images from the spatial domain to the frequency
domain, it uncovers discriminative features that are difficult to capture in spatial-domain.

In the task of camouflaged object detection (COD), some studies [15,39,72,81,117,192] incorporate
frequency cues into the detectors. Zhong et al. [192] firstly suggested that COD task should break
away from the reliance on the single RGB domain and introduce frequency domain information as an
additional clue. Liu et al. [81] proposed adding high-frequency components (HFC) to visual prompts
for fine-tuning pre-trained models in order to adapt downstream tasks, by stating that high-frequency
components possess domain-invariant properties. Lin et al. [72] proposed to address the problems of
high-frequency texture interference and discrimination lossy in COD by suppressing high-frequency
texture information and adaptively reinforcing important frequency components. The model can
easily mine subtle discriminative features under frequency decomposition. He et al. [39] proposed to
address COD from a decomposition perspective, performing wavelet-like decomposition on features
of different scales, followed by attention mechanism and feature aggregation on the frequency bands
with the richest information. Cong et al. [15] proposed a frequency-perception module based on
octave convolution to realize online learning of high- and low-frequency features, and used for coarse
localization of camouflaged objects. Sun et al. [117] further proposed to enable deep interaction and
fusion between spatial and frequency domain features, thereby obtaining more discriminative feature
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representations. Experimental comparisons of different FDL methods for object detection (b) and
instance segment (m) on COCO [73] are presented in Table 4.

Table 4. Comparisons among different FDL paradigms for object detection (b) and instance segment (m) on COCO.

Method Publication APb APb
50 APb

75 APm APm
50 APm

75

Transformer-based

SpectFormer-S-FN [98] WACV2025 46.2 68.1 50.8 42.0 65.2 45.4
SpectFormer-B-FN [98] 46.9 68.8 51.8 42.7 65.9 45.7

LITv2-S [96]

NeurIPS2022

44.9 - - 40.8 - -
LITv2-S* [96] 44.7 - - 40.7 - -
LITv2-M [96] 46.8 - - 42.3 - -
LITv2-M* [96] 46.5 - - 42.0 - -
LITv2-B [96] 47.3 - - 42.6 - -
LITv2-B* [96] 46.8 - - 42.3 - -

Wave-ViT-S [165] ECCV2022 46.6 68.7 51.2 42.4 65.5 45.8
Wave-ViT-B [165] 47.6 69.1 52.4 43.0 66.4 46.0

SPANet-S [178] ICCV2023 44.7 65.7 48.8 40.6 62.9 43.8
SPANet-M [178] 45.2 66.3 49.6 41.0 63.5 44.0

SVT-H-S [97] NeurIPS2023 46.0 68.1 50.4 41.9 65.0 45.1

CNN-based(Resnet50)

FcaNet-LF [105]
ICCV2021

40.3 61.9 43.9 36.3 58.3 38.6
FcaNet-TS [105] 40.3 62.0 44.1 36.2 58.6 38.1

FcaNet-NAS [105] 40.3 61.9 43.9 36.3 58.3 38.6

Fsa-Dot-R1 [181]

TIP2023

39.9 - - 36.1 - -
Fsa-Dot-R2 [181] 39.9 - - 36.1 - -
Fsa-Lin-R1 [181] 40.2 - - 36.3 - -
Fsa-Lin-R2 [181] 40.1 - - 36.3 - -

5.2.4. Image Generation

Traditional generative adversarial networks (GANs) and diffusion models suffer from inherent
limitations. First, upsampling operations (e.g., transposed convolution) are prone to introducing
high-frequency artifacts, causing a significant deviation between the spectral distribution of generated
images and real data [19,49,54,179]. Second, these networks exhibit spectral bias as general CNNs
encountered, prioritizing fitting low-frequency signals while losing high-frequency details [26,49,56,
112,163]. Third, in scenarios with limited data, models are prone to overfitting, making it difficult to
learn complete spectral distribution characteristics [20,104,141,161].

Durall et al. [19] discovered that upsampling operations in generative models can lead to spectral
distortion and proposed adding a spectral regularization term to force the generator to learn spectral
distributions that conform to the patterns of natural images. Jung et al. [54] introduced a spectral
discriminator to enable the generator to learn the real distributions in the spatial and frequency domains
simultaneously. Gal et al. [26] proposed SWAGAN, which integrates DWT into both generator and
discriminator for progressive image generation in frequency domain.

FDL paradigm addresses these issues through three core approaches. First, it directly models the
spectral distribution of real data, compelling the generator to learn complete frequency characteristics
from low to high frequencies. Second, it employs Fourier or Wavelet analysis tools to decompose im-
ages, enabling optimization dedicated to different frequency components. Third, it designs specialized
frequency-domain loss functions or discriminators to reinforce supervision over spectral matching,
thereby improving the visual fidelity of generated images.
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5.3. Video Analysis

Compared with the inputs of traditional deep learning models, videos possess higher dimensions,
more redundant information, and more complex spatiotemporal correlations. Frequency-domain
analysis technique has also demonstrated significant potential in addressing the core challenges of
typical video analysis tasks such as segmentation, super-resolution, deblurring and generation.

In unsupervised video object segmentation, Song et al. [151] proposed a Generalizable Fourier
Augmentation (GFA) which performs FFT on the intermediate features of Transformer to decompose
them into amplitude components encoding scene style information and phase components carrying
semantic information. GFA enhances the amplitude components through Gaussian sampling to
generate diverse scene style features, thereby alleviating scene shift; meanwhile, it utilizes EMA
operator [59] for online updating the phase components, enabling the model to learn domain-invariant
features. Inspired by Fnet [62], Pan et al. [95] proposed Wnet, which replaces the self-attention layers
in the transformer encoder with 2D DWT to achieve denoised joint representation of audio and video.

The success of Sora [5] has made video generation a research hotspot nowadays. It can not only
generate realistic or imaginative videos based on text prompts, but also possess the capability to simu-
late the laws of the physical world. However, some models [5,71,190] following the Sora paradigm still
have some certain limitations in terms of generation hallucinations and computational consumption.
In contrast, frequency-domain decomposition can accurately separate key information from redun-
dant components, enabling efficient compression. WF-VAE [69] innovatively incorporates multi-level
wavelet transform, decomposing video signals into low-frequency principal energy components and
high-frequency detail components. By establishing a energy flow pathway, low-frequency information
can directly flow into the latent space rather than the complex backbone network. ConsisID [176]
decouples original features into low-frequency global features and high-frequency intrinsic features,
and adapts to the DiT [99] through a differentiated injection strategy.

Video deblurring aims to recover clear frames from blurred video clips, but most traditional deep
learning methods rely on temporal priors in the spatial domain and lack the utilization of frequency-
domain information. Zhu et al. [199] found that blur degradation in videos can be effectively modeled
in the frequency domain, and devised a deblurring method that performs Spectral Prior-guided
Alignment on adjacent frames with a global-to-detail strategy. Kim et al. [58] proposed a frequency-
aware event-based video deblurring method that addresses the modality differences between events
and videos in the spectral domain, thereby achieving reliable feature fusion and obtaining a more
robust cross-modal feature representation. Qiu et al. [106] utilized DCT to convert compressed video
frames into a series of frequency-based patch representations, and achieve deep feature fusion across
frequency bands through a unique frequency attention mechanism. Li et al. [66] pointed out that
traditional frequency methods have fixed paradigms and coefficients [105,136,175], making them
unable to capture complex information in videos. To solve this problem, they proposed MFPI which
can effectively aggregate information by operating the spatial- and energy-frequency components. Xu
et al. [153] proposed a novel FFT loss to compensate for the lack of high-frequency details caused by
over-smoothing.

5.4. Time Series Analysis

A time series is a sequence of data arranged in chronological order, inherently containing un-
derlying patterns such as trends, seasonality, and periodicity. These patterns are often explicitly
characterized in frequency domain. For instance, long-term trends correspond to low-frequency
components, short-term fluctuations and periodic changes correspond to high-frequency components,
while noise typically manifests as irregular high-frequency signals [134]. Traditional time-domain
deep learning models (e.g., LSTM [40], Transformer [130], GNN [111]) have been widely used for
various time series tasks, including forecasting, classification and anomaly detection [167]. They mainly
rely on feature extraction in temporal dimension, but struggle to directly capture frequency-domain
information, resulting in limited capability to model complex frequency patterns. Wang et al. [134]
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proposed the Multilevel Wavelet Decomposition Network (mWDN) for classification and forecasting
tasks, thus achieving effective integration of wavelet transform and time series analysis. Inspired
by time-frequency consistency, Zhang et al. [183] proposed a decomposable time series pre-training
model where self-supervised signals are derived from the distance between temporal and frequency
components, achieving significant performance improvements across various tasks. Yang et al. [160]
designed a Temporal-Spectral fusion mechanism and achieved more superior unsupervised time series
representation learning.

5.4.1. Forecasting

The core of modeling time series for forecasting in the frequency domain lies in utilizing frequency
analysis to capture underlying global dependencies (e.g., trends and periodicity), and to disentangle
noise from meaningful historical information. With Fourier transform, Film [196] can eliminate the
high-frequency noise and preserve low-frequency patterns. It also adds a low-rank approximation to
accelerate computation. Yi et al. [168] proposed a novel Fourier graph neural network (FourierGNN),
which performs matrix multiplication in the Fourier space, significantly reducing the computational
complexity. CoST [145] captures discriminative seasonal and trend representations separately through
contrastive learning in time and frequency domain, respectively. Jiang et al. [50] proposed a novel
channel-wise attention mechanism that adaptively models the frequency dependencies between
channels based on DCT. Yi et al. [169] proposed FreTS for time series forecasting, fully leveraging the
global view and energy compression of frequency-domain MLPs. Yang et al. [162] proposed Fourier
Basis Mapping to address the issues of inconsistent starting cycles and inconsistent sequence length in
Fourier-based Long-Term Time Series Forecasting methods.

Transformer-based methods have achieved state-of-the-art results in long-term time series fore-
casting, but suffer from quadratic computation complexity and face challenges in capturing the global
perspective. For time series forecasting tasks, Zhou et al. [197] first proposed to implement the at-
tention mechanism in the form of low-rank approximation transformation, leveraging the sparse
representation of time series in the frequency domain to reduce computational complexity. Auto-
former [146] proposes a FFT based auto-correlation mechanism to replace traditional self-attention,
discovering sub-series dependencies based on the series periodicity. FreEformer [177] introduces an
additional learnable matrix into the original attention matrix to enhance the diversity of frequency-
domain features. In addition, traditional Transformers also suffer from the frequency bias issue in
time series forecasting. To address this problem, Fredformer [102] proposes to ensure fair learning
of all frequencies by leveraging sub-frequency-independent normalization and intra-sub-frequency
attention.

5.4.2. Classification

Frequency-domain deep learning provides a more comprehensive information dimension for clas-
sification tasks by exploring the frequency features of time series. mWDN [134] extracts representative
features of sub-series from the decomposed results of different levels via the Residual Classification
Flow. Yang et al. [160] claimed that the fine-grained features from time-frequency fusion can distin-
guish similar patterns. Jiang et al. [48] proposed a novel architecture named MH-TFFN by fusing
Mamba with hypergraph neural networks, where the model synchronously extracts time-domain
and frequency-domain features through a weight-sharing Mamba module. Tian et al. [125] proposed
a data augmentation method called FreRA specifically designed for time series classification. By
identifying and preserving important semantic components and performing adaptive perturbation on
non-important components, the model generates data of diversity retaining the original semantics.

5.4.3. Anomaly Detection

Zhang et al. [180] pointed out the problem that traditional time-domain methods are more likely to
detect point anomalies but struggle to identify seasonal anomalies, and further claimed that frequency-
domain analysis is more sensitive to seasonal anomalies. Therefore, they suggested simultaneously
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model time-domain and frequency-domain features. Meanwhile, RobustTAD [28] and TFAD [180]
explore data augmentation methods in the frequency domain to alleviate the problem of labeled data
scarcity. Wang et al. [139] innovatively integrated both global frequency features and local frequency
features into the condition of Conditional Variational Autoencoder to reconstruct normal data. Chen et
al. [8] designed a novel pattern extraction mechanism in the frequency domain, leveraging the sparsity
of the frequency domain to enhance the model’s efficiency and generalization ability. FreCT [182]
detects abnormal patterns in time series by measuring consistency between the time and frequency
domains. To solve the problem of time-frequency granularity discrepancy, Nam et al. [93] suggested
simultaneously process time-domain and frequency-domain information using nested sliding windows
(NS-window), while aligning the information at the data-point granularity. CATCH [147] proposes a
frequency-domain patching operation, where each patch corresponds to a frequency band, thereby
enhancing the model’s ability to capture fine-grained frequency characteristics.

6. Challenges and Future Frontiers
Frequency-principled deep learning (FDL), by integrating classical frequency analysis tools

(e.g., Fourier transform) with modern neural networks, exhibits unique advantages in long-range
dependency modeling, representation, generalization, robustness and efficiency. It has been widely
applied in computer vision, time-series prediction and multimodal analysis. However, it still faces
numerous bottlenecks in terms of basic theory, technical implementation and practical application.
This section systematically sorts out the core challenges faced by FDL and the future frontiers.

6.1. Challenges and Limitations
6.1.1. Destruction of Causal Structure

One important feature of the Fourier transform is sacrificing temporal locality in order to pursue
global frequency information. When a temporal domain signal is converted into a frequency domain
signal via the Fourier transform, the causal sequence is compressed into frequency amplitudes, which
means that the information about the chronological order is erased. This is not a characteristic of
physical processes, but an inevitable consequence of mathematical transformation. In tasks with
high demands for temporal logic such as time series analysis, frequency-domain transform usually
requires the participation of global data in computation, which may break the causal relationship in the
original data. The destruction of such causal structure can lead the model to learn spurious frequency
correlations, thereby impairing the reliability of prediction results.

6.1.2. Inadequate Utilization of Frequency-Domain Features

The high- and low-frequency features of data often carry distinct values. For instance, in images,
low frequencies correspond to global contours while high frequencies correspond to detailed textures.
However, most current models struggle to accurately separate features across different frequency
bands and fail to fully exploit the synergistic effects of high- and low-frequency features.

To sum up, how to overcome the limitations in frequency analysis theory, promote the technical
synergy with deep neural networks, and forge a new learning paradigm are the key challenges faced
by the current FDL paradigm.

6.2. Future Frontiers
6.2.1. Physics-Inspired Frequency Prior Fusion

Incorporating physical-inspired frequency priors into data processing and model design will
effectively improve the reliability and practicality of the model. Many recent works [57,64,87,113,135,
152,164] have fully demonstrated the broad development prospects of frequency priors. In domain
adaptation and domain generalization tasks, the amplitude spectrum mainly contains low-level
statistical information that is prone to change with domain variations; the phase spectrum mainly
retains domain-invariant features such as structure and content information [135,152,164]. In low-light
image enhancement, the brightness information that plays a critical role is mainly concentrated in
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the amplitude spectrum [64,87,113]. In image denoising tasks, the frequency prior is reflected in the
fact that noise is mainly distributed in high-frequency bands, while semantic information is mostly
concentrated in low-frequency bands [57]. In summary, these frequency priors depend on the target
application scenarios. Furthermore, how to utilize this prior knowledge also constitutes a worthwhile
research direction. FourierDiff [87] embeds the frequency priors of images into the pre-trained diffusion
model, in order to guide the diffusion sampling process. Some works [135,152,164] leverage frequency
priors for data augmentation, and [57] converts frequency priors into regularization terms and imposes
constraints in the frequency domain. The superior performance demonstrated by these works provides
compelling evidence that integrating frequency priors with new learning paradigms is a worthwhile
research frontier.

6.2.2. Frequency-Principled Multimodal Large Models

Most current frequency-based deep learning models mainly rely on unimodal information, which
limits their applications in complex scenarios. As a unique perspective distinct from the traditional
spatio-temporal domain, the frequency domain may reveal some unique correlations and distinctions
among different modality representations. Frequency-assisted multimodal models have initially
demonstrated tremendous potential. For instance, through DWT decomposition, Zhu et al. [198] found
that infrared images have high information entropy in low-frequency sub-bands containing more
stable structural information, while RGB images have high information entropy in high-frequency sub-
bands containing more detailed content. By processing these sub-bands with different strategies, the
complementary characteristics of RGB images and infrared images can be fully exploited. In low-light
image enhancement tasks, Xue et al. [159] leveraged the multimodal semantic information of the CLIP
model to guide the frequency-domain diffusion process, effectively alleviating the multimodal feature
alignment problem caused by image corruption. Therefore, frequency analysis can serve as a basic
theoretical tool for cross-modal fusion in some multimodal large models. Future research can focus on
exploring the frequency correlations among different modalities and integrating frequency modules
into existing multimodal models to fully unleash the power of large models.

6.2.3. Spatial-Time-Frequency Collaborative Modeling

Frequency analysis, as a widely-used tool in image processing and time-series analysis, still
suffers from considerable limitations dedicated to high-dimensional tasks including video processing
and world model learning. Traditional deep learning methods tend to process information across these
dimensions in an isolated or serial manner. However, spatial, temporal and frequency dimensions
are not independent but closely correlated. Therefore, exploring efficient spatiotemporal-frequency
collaborative modeling holds tremendous research potential. By integrating the temporal trends in
the time domain, topological correlations in the spatial domain and periodic characteristics in the
frequency domain, FDL is expected to expand to broader and more sophisticated application scenarios
such as 4D generation and world models..

6.2.4. Deep Application of Frequency Principle

Numerous studies [108,112,154,156,157,170,191] have demonstrated that frequency principles can
exist as an objective law in many deep learning models, i.e., Deep Neural Networks tend to gradually
fit the objective function from low frequencies to high frequencies during the training process. This is the
spectral bias, essentially a low-frequency priority principle. Despite that, most existing deep learning
models do not explicitly leverage this property. How to flexibly apply frequency principles to different
scenarios and models is an open question worthy of investigation. From the perspective of image
classification, Wang et al. [137] analyzed the learning preferences of neural networks and point out that
when neural networks perform classification tasks, certain frequency components play a dominant
role. Khayatkhoei et al. [56] and Schwarz et al. [112] provided theoretical explanations and solutions
regarding the spectral bias problem of GANs in frequency learning. The training process of diffusion
models also exhibits the problem of spectral bias. Qian et al. [104] argued that different frequency
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components should be processed in a differentiated method following the law of frequency evolution.
Yang et al. [163] proposed a learnable wavelet gating mechanism that selectively attends to the proper
frequency at different reverse steps to adapt the frequency evolution law.

Besides the performance improvement brought by the frequency principle, it greatly promotes
the explainability of deep models. Therefore, frequency principle as a law, has a enormous application
potential for developing explainable AI techniques in various fields.

7. Conclusion
In this article, we formally propose the frequency-principled deep learning (FDL) paradigm from

the perspective of frequency principle, and present a comprehensive survey of FDL from the basic
theory, algorithms and implementations to practical applications. By systematically sorting out the
evolution of core technologies of FDL, its key challenges and future frontiers are outlined. Frequency
analysis, as a classic theoretical tool for signal processing, frequency-principled deep learning has
broken through the limitations of traditional time-domain or spatial-domain modeling, demonstrating
unique advantages in capturing periodic patterns, improving generalization, robustness, explainability
and efficiency, and modeling long-range dependencies. In this article, we unveil the frequency
principle as a inherent law in various deep learning scenarios. To the best of our knowledge, this is
the first systematic and in-depth survey focusing on frequency-principled deep learning, which may
arouse new but promising learning paradigm of Frequency-principled Foundation Models towards
explainable AGI.

References
1. N. Ahmed, T. Natarajan, and K.R. Rao. Discrete cosine transform. IEEE Transactions on Computers, C-23(1):90–

93, 1974.
2. Simegnew Yihunie Alaba and John E Ball. Wcnn3d: Wavelet convolutional neural network-based 3d object

detection for autonomous driving. Sensors, 22(18):7010, 2022.
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